Aims Aquatic ecosystems are a priority for conservation as they have become rapidly degraded with land-use changes. Predicting the habitat range of an endangered species provides crucial information for biodiversity conservation in such rapidly changing environments. However, the complex network structure of aquatic ecosystems restricts spatial prediction variables and has hitherto limited the use of habitat models to predict species occurrence in aquatic ecosystems. We used the maximum entropy model to evaluate the potential distribution of an endangered aquatic species, Euryale ferox Salisb. We tested the relative influence of (i) climatic variables, (ii) topographic variables, and (iii) hydrological variables derived from remote sensing data to improve the prediction of occurrence of aquatic plant species.
iNTRODUCTiON
The species distribution model (e.g. the niche-based model) has been used in a diverse range of ecological studies. Many types of the species distribution model have been introduced, and species distribution models based on presence-only species records have been expanded (Merow et al. 2013) . Integrating historical survey records with presence-only data could compensate for a limited data set from a systematic survey of the target species during biological monitoring. However, most of the ecological applications of species distribution models are focused on the terrestrial environment and emphasize the climatic range shift of species (Bradley et al. 2009; del Rosario Avalos and Hernández 2015; Loarie et al. 2008) .
Aquatic ecosystems have undergone rapid degradation and alteration with increasing land-use changes (Dodds et al. 2013; Filipe et al. 2012; Quesnelle et al. 2013; Wright and Wimberly 2013) . Distributional information on aquatic species and related environmental limits is urgently required, but predictions of aquatic species occurrence using species distribution models are limited. Species distribution data for aquatic systems have been accumulated from a variety of biodiversity programs (e.g. Global Biodiversity Information Facility, http://www.gbif. org/; integrated Digitized Biocollections, https://www.idigbio. org/; Invasive Species Specialist Group, http://www.issg.org/ database/welcome/; and Neotropical Herbarium Specimens, https://www.fieldmuseum.org/) and are available to input into prediction models. However, the complex structural network of aquatic environments (Malard et al. 2006; Tetzlaff et al. 2007 ; Thorp et al. 2006) hinders the establishment of background environment data for distribution modeling. Aquatic environments, including river networks, generally need more extensive surveys than land areas to obtain the spatial grid data necessary for model prediction (Boets et al. 2013) . The lack of large-scale grid environmental data for aquatic environments further restricts broad applications of accumulated aquatic species data sets to predicting spatial distributions.
Some case studies of species distribution models in aquatic ecosystems have also been reported (Kwon et al. 2015; Mukherjee et al. 2011) . The potential distribution of aquatic species was predicted using climatic and topographical layers (e.g. elevation). However, information on the hydrological status and extent of the aquatic environment was not included in previous studies and therefore they only showed the potential range of aquatic species on the terrestrial landscape, rather than the actual distribution of species within the aquatic environment (but see Elith et al. 2011; Oliveira et al. 2010) .
Here, we used the maximum entropy model to evaluate the potential distribution of an endangered aquatic species, Euryale ferox Salisb. Maximum entropy model has been shown a good performance to predict the potential distribution of aquatic species using presence-only data (Hoffman et al. 2008; Poulos et al. 2012; Weber and Schwartz 2011) . We tested the relative influence of (i) climatic variables, (ii) topographic variables and (iii) hydrological variables derived from remote sensing data to improve the prediction of occurrence of aquatic species. We then used the results to identify core habitat conditions and priority area for E. ferox within the study region. Figure 1 shows the flow chart of the stages of the study. We considered the southern part of the Korean Peninsula as the modeling extent for the potential distribution of E. ferox (Fig. 2a) . Elevation of this area ranges from sea level to 1950 m. The eastern parts have higher elevation with more mountainous areas, whereas the western and southern parts have lower slopes. The peninsula is composed of five major watersheds (100 210 km 2 in total) with 3940 streams, and most of the major river channels run from east to west or north to south.
MATERiALS AND METHODS

Study site
Model species
Euryale ferox, known as the gorgon plant, makhana, or foxnut, is native to temperate regions in Asia, such as India, China, Korea, Japan and Russia. It is an annual plant with floating leaves that has characteristic prickles on gigantic round leaves and the stem. Considering its evolutionary and economic importance, defining the ecological niche space for E. ferox is required. Taxonomically, it is classified as the single species within the genus Euryale, of the family Nymphaeaceae; thus, it retains unique information about angiosperm evolution (Imanishi et al. 2015) . Previous molecular studies have also revealed its evolutionary position and genetic diversity (Quan et al. 2009 ). Other studies have focused on the beneficial uses of E. ferox, such as pharmaceutical efficacy (Das et al. 2006; Negi et al. 2011; Song et al. 2011) , nutritional composition (Dutta et al. 1986; Nath and Chakraborty 1985; Zhao et al. 1989 ) and economical cultivation (Jain et al. 2010) . However, literature on the ecological adaptation and habitat distribution of E. ferox is limited (Khanday et al. 2015) .
Collection of presence data
Presence data for E. ferox were collected using a scientific literature survey and field survey. Locality records for E. ferox specimens in the literature (Jang 2010; Kim 2011; Lee 2015 , Yang 1975 You and Kim 2010) were combined with specimen information from national herbariums (Korea Biodiversity Information System, http://www.nature.go.kr/ eng). Specimen collection sites were geo-referenced by creating a point cloud in a geographic information system vector file. Localities in the literature were included in the list of field sites and their persistence were verified by visiting the site. To prevent concentrated sampling within a particular region, we followed the national monitoring grid setup by the Ministry of Environment of Republic of Korea (ROK). The National Survey on Inland Wetlands subdivided South Korea into 833 grids and performed an initial assessment of the biodiversity, geological and hydrological traits of the inland wetlands (National Institute of Environmental Research 2014). From its distinct appearance (i.e. spiny, large, floating leaf), the occurrence of E. ferox is well documented in national monitoring reports. Between 2012 and 2015, we revisited reported sites and checked for the presence of E. ferox. During the field survey, exact geological coordinates of the central point of individual specimens were recorded using GPS (Vista CX, Garmin, USA; AKN1MBT/GLONASS, Ascen GPS, ROK). We also surveyed wetlands in the grid that reported disappearance of E. ferox during the previous monitoring.
Prediction of variables
Thirty environmental variables (19 bioclimatic, 5 topo-geographic, 5 hydrographic variables and 1 other) were initially considered for predicting the distribution of E. ferox (Table 1) . Bioclimatic variables were derived from monthly temperature and rainfall values recorded by the local meteorological office and its automatic weather stations for the past 50 years. For a detailed method for calculating bioclimatic variables, please refer to Worldclim (www.worldclim.org; Hijmans et al. 2005) . Resolution for bioclimatic variables was ~930 m (30 arc-s).
Topographic variables were derived from the digital elevation model (10 × 10 m) surveyed and established by the National Geographic Information Institute of ROK. Slope (%), aspect (degree), and 'slope over area ratio' were calculated using Spatial Analyst in ArcGIS (ver. 10.0, ESRI, USA) and TauDEM (ver. 5.0, Utah State University, USA). Soil type (30 × 30 m) was surveyed and established by the Water Resources Management Information System (WAMIS) of ROK and categorized 11 different soil types, including alluvial, regosol, sierozem, red-yellow, leached saline and alpine lithosol soils and its mixtures. Spatial grid data for hydrological variables are usually difficult to obtain due to the complex network structure of aquatic ecosystems. Therefore, we used five hydrological correlates that are closely related to the hydrological condition in streams or rivers in the same spatial grid. Flood area represents the sum of the flooded (inundated) area in each catchment in the last 10 years. Flood record data were collected from WAMIS DB (http://www.wamis.go.kr/WKF/wkf_ fddmgaa_lst.aspx; Korean). Soil permeability is the ability of the soil to transmit water. For example, a stream running through permeable soil layers can easily dry up during a dry season, while impermeable soil layers can retain more water. We used permeability-ranked data (cf. 1 to 6; 0 = bedrock; higher ranks = more permeable soils) of 30-m resolution from WAMIS DB. Distance from the river channel was derived on the basis of the Euclidean distance function using Spatial Analyst in ArcGIS (ver. 10.0, ESRI, USA), as it represents the shortest linear distance to the nearest stream or river channel.
To reflect the current condition of vegetation condition and water coverage, we used a normalized difference vegetation index (NDVI) and a normalized difference water index (NDWI) from Gao (1996) and Mcfeeters (1996) . NDVI is sensitively related with chlorophyll reflectance, and it has been widely used to estimate plant biomass and vegetation condition (Gao 1996) . NDWI is a water-related index, which was widely applied to delineate water bodies and to estimate the water condition of vegetation (Jiang et al. 2014) . We used the modified NDWI using slightly different spectral band composition with original NDWI. Xu (2006) reported NDWI using middle infrared (MIR) band showed better performance to extracting water information in the complex background. NDWI provides a method to confine water bodies and is an index for assessing the influence of flooding. We used Landsat OLI 3 (0.53-0.59 µm) and OLI 6 (1.57-1.65 µm) bands obtained from the Global Visualization Viewer (http:// glovis.usgs.gov/) in 2014. Scenes were atmospherically and geologically corrected before index calculation. Positive data values of NDWI are typically open water areas (i.e. rivers and ponds), while negative values are typically non-water features (i.e. terrestrial areas). NDWI products were processed at a spatial resolution of ~30 m per pixel. NDWI was calculated for four different seasons in March, June, September, and December to define annual fluctuations in the water surface condition within each grid. Standard deviations of NDWI for these scenes were used as indicators of the level of fluctuation (i.e. hydrological variable) in the water area.
All environmental variable layers were resampled to 30 × 30 m, if they had a different spatial resolution. We used the 'unify extent and resolution' algorithm in QGIS (ver. 2.0.1, Quantum GIS Development Team, Quantum GIS Geographic Information System) to resample the raster data.
Species distribution model
A niche-based model presents an approximation of a species' ecological niche in the examined environmental extent (Phillips et al. 2006) . We used maximum entropy modeling to predict the distribution of E. ferox. Entropy refers to the measurement of dispersal. The basic framework is that the maximum entropy estimate is the least biased estimate possible for the given information (Harte and Newman 2014) . Maximum entropy modeling has been successfully applied to image science, natural language processing, network sciences, archeology, biology and ecology. We used the MaxEnt software for species habitat modeling (ver. 3.3.3k; Phillips et al. 2006) . We used automatic feature selection, a regularization multiplier at unity, a maximum of 5000 iterations and a convergence threshold of 10 -5
. A total of 10 4 pseudo-absences were randomized in the study extent for constructing the confusion matrix. One model run consisted of 15 replicates, and model output values were represented with averages; 25% of the total sample records were randomly split into testing sets to validate the model on the basis of actual occurrence data. All environmental variables were included in the initial run. On the basis of its relative sensitivity and contribution to the prediction model, we customized environmental variable composition by eliminating variables with a permutation importance value of <1%. The final model was selected using the performance indicators area under the curve (AUC) and cumulative threshold (Phillips and Dudík 2008) . AUC values of 0.7-0.9 imply useful application of the model, and values >0.9 have high confidence (del Rosario Avalos and Hernández 2015). The relative weight of each environmental variable was evaluated using the Jackknife test for regularized training gain and AUC. The response curve for each variable was represented as the average ± 1 SD (σ). Variation partitioning analysis was further used to evaluate the relative importance and shared variation (Legendre et al. 2012 ) explained by bioclimatic, topographic and hydrologic variables in the presence of E. ferox. Environmental variables in the species distribution model were categorized into three groups based on trait categories as presented in Table 1 . The variation partitioning analysis was performed in R 3.2.2 (R Development Core Team) using the function varpart in the vegan package (ver. 2.3.4). The result of variation partitioning was presented using a Venn diagram.
RESULTS
Potential habitat distribution
Between 2012 and 2015, 136 presence locations for E. ferox were recorded and identified in the field (Fig. 2a and b) . All localities were used for habitat modeling, and the modeled distribution map identified areas of highly predicted probability of presence in the study site ( Fig. 3a and b) . The model showed a high probability of suitable conditions in the western and southern parts of the peninsula. Floodplain wetlands and shallow reservoirs in the lower part of major river channels were included as suitable habitat conditions. AUCs of all replicated models were higher than 0.9, and the average AUC was 0.975 ± 0.006 (Fig. 4a) . Omission rates on test samples also showed a good match with the predicted omission rates and indicated good performance of the model (Fig. 4b) .
The prediction model for potential habitats matched the actual presence of E. ferox in the study area well, while the dominance of the species varied between potential sites (Fig. 5) . In most potential sites, E. ferox covered a large portion of the water surface by producing a broad, floating-leaf network (Fig. 5a-c) . However, we observed differences in some wetlands. For example, although the model predicted high suitability (>0.9) for the presence of E. ferox, other species ) magnification of part of the lower Nakdong River. Bright areas represent a medium to high occurrence probability of E. ferox and dark region corresponds to a low-occurrence probability on the basis of MaxEnt modeling.
(i.e. Nelumbo nucifera Gaertn.) outcompeted E. ferox and dominated the wetland (Fig. 5d-f ).
Relative contributions of environmental predictors
The final model included 12 different environmental variables (four bioclimatic variables, three topographic variables and four hydrologic correlates). The influence of each environmental variable on predicted suitability for E. ferox is presented in Fig. 6 . Most environmental variables showed a unimodal influence, while some variables had left-or rightshifted distributions. The presence of E. ferox was favored by a warm, temperate climate with moderate seasonality. Optimum annual mean temperature calculated with weighted average was 13.6 ± 0.5°C. Optimum seasonal temperature was 890.5 ± 31.0 and 24.9 ± 0.3°C for mean summer temperature (July to September). Euryale ferox preferred a low to middle range of annual precipitation in the peninsula (1177.4 ± 92.7 mm).
Topologically, E. ferox was largely distributed in areas of low elevation (23.1 ± 49.7 m) with a large catchment area and a low slope (area-to-slope ratio: 0.05 ± 0.01). The dominant soil category was fluvial soil that has poor drainage abilities. A low or medium amount of flood areas was observed within (c, f) . The legend for occurrence probability is as for Fig. 2a. the catchment. Most habitats of E. ferox were located within 7.8 ± 4.0 km of the main river channel. The species also preferred very wet areas (NDWI, 0.50 ± 0.21) with high annual variability in water conditions (NDWI, 0.67 ± 0.60).
The relative contributions of the environmental variables to the final MaxEnt model (Table 2 and Fig. 7 ), in order of importance, were NDWI (37%), elevation (18.6%), mean temperature during summer (9.6%), water permeability (7.1%) and distance from the river channel (5.7%). Model evaluation on the permutated data also yielded a similar variable rank (Table 2) . NDWI (permutation importance: 27.4) had the highest contribution to the prediction and elevation (23.40), temperature seasonality (9.8) and 'slope over area ratio' (6.7). The combination of three environmental compartments, including bioclimatic, topographic and hydrologic variables, explained 0.698 (69.8%) of the total variation in the distribution of E. ferox (Fig. 8) . Variation partitioning of environmental variables also showed that hydrologic correlates explained the largest part of the overall traits variation (0.471, 47.1%). Conditional effects of bioclimatic (0.010, 1.0%) and topographic variables (0.001, 0.1%) were low, but both had higher shared variation explained in conjunction with hydrologic correlates. 
DiSCUSSiON
Suitable habitat conditions for E. ferox
Potential habitats for E. ferox were largely found at very low elevations in flat areas with large catchments. This species was also distributed in locations with poor water permeability in the bottom sediment and high surface water fluctuations. These habitat traits reflect precisely the characteristics of floodplain wetlands or back swamps in lower rivers. Euryale ferox prefers clay sediment for germination (Imanishi and Imanishi 2014) and needs shallow and open water spaces to expand its floating leaves for photosynthesis during the growing season. Our model predictions also included floodplain wetlands and shallow reservoirs in the lower part of major river channels as suitable habitats. However, substantial areas of these floodplain wetlands have been reclaimed to increase agricultural productivity (Zhang et al. 2010) and build urban infrastructure (Carle 2011) . Loss and fragmentation of wetland habitats appeared to be a dominant factor in explaining the decrease in E. ferox populations.
Remote sensing data as a prediction variable
Predicting potential habitats for a species on the basis of climatic variables provided a wide understanding of range shift at a continental scale. Changes in temperature and precipitation related to climate change were the main factors identified in previous studies (Bisi et al. 2015; Feeley et al. 2012; Zhang and Zhang 2012; Zhang et al. 2015) . However, habitat changes due to anthropogenic factors, including urbanization and environmental pollution, generally occur at a smaller scale (i.e. city or state level) than global climate changes (Jantz et al. 2015) . When the species distribution model used in this study was applied using only climate variables, it only showed the approximate range of E. ferox, rather than the actual habitat distribution (supplementary Fig. S1 ). Since a climate-based model tends to overestimate potential habitats for aquatic species (Sohl 2014) , the aquatic context and its landscape characteristics should be included as background variables for a more accurate prediction. Weber and Schwartz (2011) used flow characteristics (field measurement) to estimate a distribution of aquatic invertebrates in the catchment scale. Their model also showed good contribution (26.8%) of river flowrelated parameters to predict the presence of endangered mussel (Epioblasma torulosa rangiana). If we could apply more hydrologic relates (e.g. flow velocity, water depth and sediment composition) as spatial environment parameters, it will surely improve a performance of species distribution modeling of aquatic organisms. Establishing grid environmental data for species distribution modeling, however, requires extensive field surveys of the complex network structure. Remotely sensed data is an alternative source of estimating the spatial pattern of the aquatic landscape. The characteristic spectral pattern of the water environment has been widely applied to delineate wetland distribution (Bell et al. 2015) , flood areas (Mallinis et al. 2013) and aquatic plant coverage (Kim et al. 2015) . In addition, satellite images (e.g. MODIS, Landsat, SPOT and Hyperion) and their sensor products are freely available for research purpose. Satellites cover global aquatic ecosystems over various orbital periods, and the images can be applied at diverse spatial and temporal scales. Hydrological information, derived from remote sensing images (i.e. NDWI) and used as a background variable in this study, greatly improved details of the habitat prediction map.
Variation partitioning also revealed that hydrological variables contain unique information that can predict the distribution of aquatic plant species distinct from that produced by climatic and topographic variables. Hydrological information from a satellite-derived index not only reflects the complex pattern of water bodies that is difficult to obtain purely from field surveys but it also provides the seasonal pattern of the hydrological condition (i.e. surface water fluctuation) using different satellite images obtained in different seasons.
Interspecific competition and model prediction
Most of the potential sites in the species distribution model were well matched with the actual occurrence of E. ferox in the study sites, but some sites showed a mixed community or were covered with other aquatic vegetation. The predictability of the actual presence of the species is more difficult if there are many species with very similar habitat preference. In our case, N. nucifera (common lotus) outcompeted E. ferox in some potential habitats. These two species belong to the family Nelumbonaceae and favor similar environmental conditions. Both species prefer mesotrophic to eutrophic wetlands that have shallow open water spaces in which to establish a mono-population stand. Euryale ferox requires a stable water depth during its leaf-growing season. When the water level is substantially increased due to large amounts of rainfall during the monsoon season, leaves from the early growth stage become submerged (You and Kim 2010) , so that small seedlings may not grow further or produce reproductive seeds for the following year. Nelumbo nucifera is adapted to a range of water level environments and can grow in deep water (3-4 m) with floating leaves and its emergent form at the shallow edge of the wetland (Sharip et al. 2014) . Therefore, N. nucifera outcompetes E. ferox when they both share the same hydrological niche in a region.
The species distribution model predicts a potential habitat using the known occurrence of a species and its association with environmental variables. Interspecific competition is especially difficult to represent in presence-only models. Therefore, different species that are adapted to a similar environmental range (with similar occurrence locality) have similar model outcomes. Phillips et al. (2006) also highlighted the gap between a species' realized niche and the model prediction due to biotic interactions and geographic barriers. Previous studies (Bisi et al. 2015; Fu et al. 2015; McCarthy et al. 2015) compared the habitat suitability of different species by comparing the relative level of the suitability rate. Jaime et al. (2015) used the species distribution model to compare niche differentiation in the Iberian Peninsula. In this study, we could not compare niche overlap using the species distribution model as there was limited occurrence data for competing species. Combining biological interactions and niche predictions will greatly improve the accuracy of the distribution model. Results of controlled experiments for interspecific competition should also be included in the species distribution model. Understanding and comparing niche overlap of diverse species, along with the relative importance of prediction variables, would serve to increase the importance of spatial information for the species distribution model.
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